
1. Introduction

Crop phenology is the study of the timing of seasonal
events such as vegetative and reproductive growth
stages. Accurate monitoring of crop phenological stages
is an important component of integrated farm
management since it allows assessing if the most critical
stages of growth occur during the growing season (Vina
et al., 2004). While most monitoring practices can be
delivered on the ground based on remote sensing
techniques, some researchers showed that satellite data

can be an optional choice applicable for this task (Zhang
et al., 2003; Sakamoto et al., 2005; Boschetti et al.,
2009; Motohka et al., 2009; Son et al., 2014).

Phenological stages of paddy rice are generally
divided into the vegetative (from transplanting to
panicle initiation), reproductive (from panicle initiation
to heading), and maturation (from heading to maturity)
stages (Hardke, 2014). These stages influence the three
yield components: 1) number of panicles per unit area,
2) the average number of grains produced per panicle,
and 3) the average weight of the individual grain. These
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three components eventually influence on grain yield.
The vegetative stage of rice is generally characterized
by increase in number of tillers. During this period,
paddy rice grows in occupied size rather than height for
active photosynthesis. The reproductive stage is
characterized by elongation of internodes, a decline in
tiller numbers, booting, and heading. The grain filling
and maturation stages are followed by ovary
fertilization and characterized by grain growth. During
this period, the grain increases in size and weight as the
starch and sugars are translocated from the culms and
leaf sheaths where they have accumulated, the grain
changes color from green to gold at maturity, and the
leaves of the paddy rice begin to senesce.

Remote sensing can be a useful tool applicable for
the evaluation of crop growth and yield (Maas, 1992).
Remotely sensed reflectance values of wavebands (e.g.,
Green, Blue, Red, and Near-infrared) contain information
on the scene of interest as they are absorbed, reflected,
and transmitted by surface components (i.e., vegetative
organisms, solids, and water molecules). VIs are
combinations of surface reflectance at two or more
wavelengths designed to highlight a particular property
of vegetation. Distribution of canopy and condition of
crop could be monitored using simple ratio of
reflectance and VIs. Many studies have suggested VIs
as being useful in evaluating crop growth (e.g., Yang
et al., 2001; Boydell and McBratney, 2002; Zarco-
Tejada et al., 2005). Meanwhile, LAI has been typically
used as a structural index for determining canopy
growth of various plants. LAI is highly correlated with
crop biomass and productivity (Venkateswarlu et al.,
1976; Dobermann and Pampolino, 1995). Based on the
relationships between LAI and VIs, LAI values can be
estimated by VI values (Xiao et al., 2002; Pontailler et
al., 2003; Vina et al., 2011).

There have been earlier efforts to extract information
on crop growth based on the combinations from
remotely sensed scene features (e.g., Ayyangar et al.,
1980; Casanova et al., 1999). One such an effort is to

extract crop growth information from the spectral
relationship between NIR and Red. The objectives of
this study were to determine canopy growth conditions
and the accurate feature of phenological stages of paddy
rice through ground-based remote sensing. LAI values
were determined based on correlations with VIs
obtained from canopy reflectance. The study was
performed using the remote sensing data almost
unaffected by the atmosphere.

2. Materials and Methods

1) Paddy rice data
Field data of paddy rice to monitor canopy growth

conditions were collected from the experimental fields
at Chonnam National University (35o 10’ N, 126o 53’
E; 33 m above sea level), Gwangju, Korea during the
crop seasons in 2011, 2012, and 2013. Dongjin and
Hopum were transplanted on 3 June 2011. Hwasunchal
was transplanted on 28 May 2012. Unkwang was
transplanted on 20 May 2013. The soil texture of the
experimental paddy was classified as a loam based on
the USDA classification method (for the more detailed
soil properties, refer to Yun et al., 2011). Crops were
sampled on Day Of Year (DOY) 188, 201, 215, 229,
243, and 257 in 2011; DOY 173, 201, 226, 237, and
262 in 2012; DOY 172, 190, 206, and 220 in 2013.
Four plants in 2011, twenty-four plants in 2012, forty
plants in 2013 were randomly selected, cut, and
transported to a laboratory where several plant growth
parameters were measured. LAI was measured using a
LI-2200 plant canopy analyzer (LI-COR, Lincoln, NE,
USA). The LAI measurements were made on the same
dates with the following remote sensing measurements.

2) Remote sensing data
A hand-held multispectral radiometer (CROPSCAN,

Rochester, MN, USA) was used to measure the
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reflectance of paddy rice. It accommodates up to 16
bands, in the 450 ~ 1750 nm region, to measure incident
and reflected radiations. The center wavebands (CWB)
and bandwidths (BW) for the 16 filters used in this
study is presented in Table 1.

The measurement conditions of the radiometer were
a 28-degree field of view for the reflected irradiation
sensors and vertically 2 m in height above target areas
to measure 1 m in diameter. Measurements were made
as many as 15 times in 2011, 12 times in 2012, and 15
times in 2013 with variation depending on the
conditions during the crop growing seasons (Table 2).
The measurements were made within 2 hours of the
local solar noon (12: 40 KST) on clear days but were
delayed on some days with partial cloudiness to achieve
measurement during clear-sky conditions. The
measured canopy reflectance data were used to monitor
canopy growth conditions of paddy rice using five VIs
of interest as well as to determine phenological stages.
The five VI designs (Table 3) include Normalized
Difference Vegetation Index (NDVI); Enhanced
Vegetation Index (EVI), Re-normalized Difference
Vegetation Index (RDVI), Optimized Soil-Adjusted
Vegetation Index (OSAVI), and Modified Triangular
Vegetation Index (MTVI).

3) Statistical analysis and evaluation of
regression models
The paddy rice data in 2011 and 2012 were used for

determination of relationships between LAI and VIs,
applying regression models. Reproducibility of these
models was verified, and accuracy of the verified
models was validated using the 2013 paddy rice data.
Estimated LAI values were compared with the
measured corresponding values. In both processes of
verification and validation, three statistics indices were
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Table 1.  Center wavebands and bandwidths of the 16 filters
used on the upward and downward facing sensors in
the MSR16 hand-held remote sensing system

Filter number Center waveband(nm) Bandwidths(nm)
1 460 9.8
2 500 8.8
3 560 9.7
4 600 9.4
5 660 10.8
6 700 10.0
7 750 10.6
8 800 61.9
9 880 10.4

10 980 10.4
11 1,080 13.5
12 1,200 10.0
13 1,300 11.9
14 1,500 12.7
15 1,600 13.5
16 1,700 15.4

Table 2.  Days of year that measurements of the MSR16 hand-
held remote sensing system were made during the
rice growing seasons in 2011, 2012, and 2013

Year Day of year

2011 175, 188, 194, 201, 207, 215, 223, 229, 236, 237,
243, 245, 250, 257, 265

2012 173, 184, 193, 201, 207, 213, 226, 237, 243, 249,
262, 276

2013 167, 172, 182, 190, 192, 200, 206, 207, 213, 218,
220, 225, 232, 233, 240

Table 3.  Vegetation indices used for rice growth phenological stage monitoring and leaf area index estimation
Vegetation index Equation♩

Normalized difference vegetation index (Rouse et al., 1974) (R800
_ R660) / (R800 + R660)

Enhanced vegetation index (Huete et al., 2002) 2.5 × 
(R800

_ R660)
(R800 + 6 × R660

_ 7.5 × R560 + 1)

Re-normalized difference vegetation index (Rougean and Breon., 1995) (R800
_ R660) / (R800 + R660)

Optimized soil-adjusted vegetation index (Rondeaux et al., 1996) (R800
_ R660)/(R800 + R560 + 0.16)

Modified triangular vegetation index (Haboudane et al., 2004) 1.2(1.2[R800
_ R560] _ 2.5[R660

_ R560])
♩ R800, R660, and R560 represent the reflectance values of each waveband of 800 nm, 660 nm, and 560 nm.



used to evaluate the regression model performance:
(1) Root Mean Square Difference (RMSD, Eq. 1), (2)
Mean Relative Deviation (MRD, Eq. 2), and (3) Model
Efficiency (E, Eq. 3) (Nash and Sutcliffe, 1970).

                   RMSD = ( ∑n
i= 1 (Si

_ Mi)2                     (1)

              MRD = ∑n
i= 1 × 100%                (2)

                      E = 1 _                        (3)

where, Si is the ith simulated value, Mi is the
measured value, Mavg is the averaged measured value,
and n is the whole number of data. E values are
equivalent to the coefficient of determination.

3. Results and Discussion

1) Monitoring phenological stages
Seasonal changes of VIs in 2011, 2012, and 2013

showed apparent characteristics of phenological stages
of paddy rice (Figs 1, 2, and 3). During the early
growth stage (i.e., tillering), all VIs increased rapidly
with increasing canopy growth. Values of NDVI, EVI,
RDVI, OSAVI, and MTVI in 2011 ranged from 0.22
to 0.85, 0.12 to 0.66, 0.12 to 0.57, 0.15 to 0.59, and
0.08 to 0.60, respectively (Fig. 1). Values of NDVI,
EVI, RDVI, OSAVI, and MTVI in 2012 ranged from
0.16 to 0.83, 0.10 to 0.56, 0.09 to 0.50, 0.11 to 0.55,
and 0.08 to 0.48, respectively (Fig. 2). Values of

(Si
_ Mi)
Mi

1
n

∑n
i= 1 (Si

_ Mi)2

∑n
i= 1(Mi

_ Mavg)2

1
N
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Fig. 1. Seasonal changes of Vegetation Indices [VIs (a-e)] and
Leaf Area Index [LAI (f)] for Hopum and Dongjin in 2011.
Dashed vertical lines represent observed dates of rooting
(DOY 161), panicle initiation (DOY 212), and heading
(DOY 242), respectively The VIs are Normalized
Difference Vegetation Index, NDVI (a), Enhanced
Vegetation Index, EVI (b), Re-normalized Difference
Vegetation Index, RDVI (c), Optimized Soil-Adjusted
Vegetation Index, OSAVI (d), and Modified Triangular
Vegetation Index, MTVI (e). Vertical bars represent ±1 SD
from the mean values (n=16 for the VIs, n=4 for the LAI).

Fig. 2.  Seasonal changes of Vegetation Indices [VIs (a-e)] and
Leaf Area Index [LAI (f)] for Hwasunchal in 2012. Dashed
vertical lines represent observed dates of rooting (DOY
156), panicle initiation (DOY 193), and heading (DOY
223), respectively. The VIs are Normalized Difference
Vegetation Index, NDVI (a), Enhanced Vegetation Index,
EVI (b), Re-normalized Difference Vegetation Index,
RDVI (c), Optimized Soil-Adjusted Vegetation Index,
OSAVI (d), and Modified Triangular Vegetation Index,
MTVI (e). Vertical bars represent ±1 SD from the mean
values (n=32 for the VIs, n=8 for the LAI).



NDVI, EVI, RDVI, OSAVI, and MTVI in 2013
ranged from 0.17 to 0.80, 0.08 to 0.49, 0.08 to 0.45,
0.10 to 0.51, and 0.07 to 0.40, respectively (Fig. 3).
During the booting stage, the VIs increased with
relatively slow phases. The VIs generally reached a
maximum either just before or at heading, except for
MTVI in 2013 which reached a maximum right after
heading. After heading, the VIs decreased while there
were small year-to-year differences in decreasing rate.
It is assumed that the year-to-year variation is
attributable to different cultivars and environmental
variations for the different years. NDVI values were
the highest among the other VIs over the growing
seasons in all the three years. Meanwhile, LAI values
rapidly increased until heading. In the current study,
general growth features according to phenological

stages of paddy rice could be determined using VIs
and LAI. Such trends have been also reported in other
studies (Yang and Chen, 2004).

Three phenological main stages (i.e., tillering,
booting, and grain filling) were identifiable using the
relationships between NIR and Red reflectance for the
2011-2013 growing seasons (Fig. 4). During the
tillering stage, Red reflectance decreased and NIR
reflectance increased as number of tillers and
chlorophyll pigments increased synchronously.
Reflectance features in the grain filling stage showed
an opposite trend of the tillering stage. In the booting
stage, Red reflectance remained relatively low (~
3.52%) and virtually invariant while NIR reflectance
increased drastically (from 32.8 to 47.8%). Thus, these
phenological stages can be clearly identified. The three
phenological stages in 2011, 2012, and 2013 were
separately identified using the spatial relationships
between NIR and Red (Fig. 5). There were some
quantitative differences in reflectance among the three
years especially in the tillering stage. We assume this
is mainly due to different physical conditions of the
paddy field, such as different flooding depths and soil
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Fig. 3.  Seasonal changes of Vegetation Indices [VIs (a-e)] and
Leaf Area Index [LAI (F)] for Unkwang in 2013. Dashed
vertical lines represent observed dates of rooting (DOY
147), panicle initiation (DOY 185), and heading (DOY
211), respectively. The VIs are Normalized Difference
Vegetation Index, NDVI (a), Enhanced Vegetation
Index, EVI (b), Re-normalized Difference Vegetation
index, RDVI (c), Optimized Soil-Adjusted Vegetation
Index, OSAVI (d), and Modified Triangular Vegetation
Index, MTVI (e). Vertical bars represent ±1 SD from the
mean values (n=48 for the VIs, n=12 for the LAI).

Fig. 4.  Near Infrared (NIR) reflectance vs. Red reflectance
during the 2011-2013 growing seasons. Three
phenological main stages, i.e., tillering (circle), booting
(rectangle), and grain filling (triangle) were identifiable.
Vertical and horizontal bars represent ±1 SD from the
mean values (n=16, 32, 48 for the 2011, 2012, 2013,
respectively).



surface roughness in the early and late crop growing
seasons when the canopies were not closed with
vegetation. However, there were comparable linear
relationships between Red and NIR reflectance for each
phenological stage with those between the years. From
this finding, we assume that it is possible to determine
phenological aspects of rice growth qualitatively and
quantitatively based on remote sensing techniques. The
current results are generally corresponding to some of
previous studies (e.g., Ayyangar et al., 1980; Casanova
et al., 1999).

2) Monitoring canopy growth
(1) Relationships of canopy growth or LAI with
biomass

A relationship between Above Ground Dry Weight
(AGDW) and LAI was determined as an exponential
function using the 2011, 2012, and 2013 data (Fig. 6).
The coefficient of determination (R2) was 0.91.
Therefore, biomass or AGDW of paddy rice tends to
increase exponentially as LAI increases. In remote
sensing practices, canopy growth or LAI can be also
estimated through regression models between LAI and
VIs, which will be discussed in the following section.
The current result demonstrates that canopy growth and
biomass of paddy rice can be potentially monitored
utilizing remote sensing information or VIs which are
calculated from remotely sensed reflectances of the
crop canopy (see Table 3).

(2) Relationships of LAI with Vis
Relationships between LAI values and those of each

VI were determined as exponential functions using the
2011 and 2012 data (Fig. 7). Five exponential function
models were evaluated for their reproducibility using
the data set above mentioned in verification and then
using an independent data set in validation.

In verification, estimated LAI values agreed well
with the corresponding measured LAI values with a
Root Mean Square Difference (RMSD) of 0.30 m2 m_2,
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Fig. 5.  Near Infrared (NIR) reflectance vs. Red reflectance
during the growing seasons (a) in 2011, (b) in 2012, and
(c) in 2013. Three phenological main stages (i.e.,
tillering, booting, and grain filling) were identifiable.

Fig. 6.  Relationships between Above Ground Dry Weight
(AGDW) and leaf area index (LAI) using the 2011, 2012,
and 2013 data. Vertical and horizontal bars represent ±1
SD from the mean values (n=4, 24, 40 for the AGDW, n=4,
8, 12 for the LAI in 2011, 2012, and 2013 respectively).
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Table 4.  Root Mean Square Difference (RMSD), Mean Relative Deviation (MRD), and Model Efficiency (E) for the measured and
estimated LAI values from different Vegetation Indices (VIs) in 2011 and 2012 in verification

VIs♩ RMSD(m2/m2) MRD(%) E
NDVI 0.30 0.7 0.90
EVI 0.54 5.4 0.69

RDVI 0.45 1.2 0.79
OSAVI 0.63 4.7 0.85
MTVI 0.63 4.4 0.59

♩NDVI = Normalized Difference Vegetation Index; EVI = Enhanced Vegetation Index, RDVI = Re-normalized Difference
Vegetation Index, OSAVI = Optimized Soil-Adjusted Vegetation Index, and MTVI = Modified Triangular Vegetation Index.

Fig. 7.  Relationships between Leaf Area Index (LAI) and the
Vegetation Indices (VIs) using the 2011 and 2012 data.
The VIs are normalized difference vegetation index,
NDVI (a), Enhanced Vegetation Index, EVI (b), re-
Normalized Difference Vegetation Index, RDVI (c),
Optimized Soil-Adjusted Vegetation Index, OSAVI (d),
and Modified Triangular Vegetation Index, MTVI (e).
Vertical and horizontal bars represent ±1 SD from the
mean values (n=16, 32 for the VIs and n=4, 8 for the LAI
in 2011, 2012 respectively).

Fig. 8.  Estimated vs. measured Leaf Area Index (LAI) for the
five different Vegetation Indices (VIs) in 2011 and 2012.
The VIs are Normalized Difference Vegetation Index,
NDVI (a), Enhanced Vegetation Index, EVI (b), Re-
normalized Difference Vegetation Index, RDVI (c),
Optimized Soil-Adjusted Vegetation Index, OSAVI (d),
and Modified Triangular Vegetation Index, MTVI (e).
Horizontal bars represent ±1 SD from the mean values
(n=4 for the 2011, n=8 for the 2012).

Table 5.  Root Mean Square Difference (RMSD), Mean Relative Deviation (MRD), and model Efficiency (E) for the measured and
estimated LAI values from different Vegetation Indices (VIs) in 2013 in validation

VIs♩ RMSD(m2/m2) MRD(%) E
NDVI 0.79 -39.0 0.63
EVI 0.95 -41.4 0.46

RDVI 0.98 -43.8 0.43
OSAVI 0.75 -9.7 0.67
MTVI 1.11 -44.2 0.26

♩NDVI = Normalized Difference Vegetation index; EVI = Enhanced Vegetation Index, RDVI = Re-normalized Difference
Vegetation Index, OSAVI = Optimized Soil-Adjusted Vegetation Index, and MTVI = Modified Triangular Vegetation Index.



a Mean Relative Deviation (MRD) of 0.7%, and a
model Efficiency (E) of 0.90 for NDVI; a RMSD of
0.54 m2 m_2, a MRD of 5.4%, and an E of 0.69 for EVI;
a RMSD of 0.45 m2 m_2, a MRD of 1.2%, and an E of
0.79 for RDVI; a RMSD of 0.63 m2 m_2, a MRD of
4.7%, and an E of 0.85 for OSAVI; and a RMSD of
0.63 m2 m_2, a MRD of 4.4%, and an E of 0.59 for
MTVI (Fig. 8 and Table 4). These results indicate that
the models are capable of reproducing LAI using the
VIs applied over the rice growing season.

In validation, the accuracy of the model was tested
using an independent data set obtained in the
experimental field at Chonnam National University in
2013. Estimated LAI values agreed with the
corresponding measured LAI values with a RMSD of
0.79 m2 m_2, a MRD of -39.0%, and an E of 0.63 for
NDVI; a RMSD of 0.95 m2 m_2, a MRD of -41.4%,
and an E of 0.46 for EVI; a RMSD of 0.98 m2 m_2, a
MRD of -43.8%, and an E of 0.43 for RDVI; a RMSD
of 0.75 m2 m_2, a MRD of -9.7%, and an E of 0.67 for
OSAVI; and a RMSD of 1.11 m2 m_2, a MRD of -
44.2%, and an E of 0.26 for MTVI (Table 5). R2 for
NDVI, EVI, RDVI, OSAVI, and MTVI were 0.94,
0.86, 0.90, 0.92, and 0.83, respectively. In the same
manner, NDVI would be best suited for an estimate of
LAI among the VIs. It is considered that low estimates
of LAI are attributable to different genetic characteristics
between the rice cultivars used in verification and
validation.

We found that the LAI values tended to increase with
increases in each VI before onset of dropping the VI
values. This result is generally corresponding to the
earlier reports for both upland rice (Kimura et al., 2004)
and paddy rice (Xiao et al., 2002) as well as cotton (Ko
et al., 2006). The current study also showed that LAI
tends to be saturated after the heading stage in the
relationships between LAI and VIs. Pontailler et al.
(2003) described that accuracy of the relationship
between LAI and NDVI decreases once LAI declines
after the peak.

4. Conclusions

In this study, we demonstrated that canopy growth
conditions and the accurate feature of phenological
stages of paddy rice can be determined through
ground-based remote sensing techniques while LAI
values can be determined based on correlations with
Vegetation Indices (VIs) obtained from the canopy
reflectance. Three phenological stages (i.e., tillering,
booting, and grain filling) of paddy rice were
identifiable using VIs and spatial index (NIR versus
Red). We found that exponential relationships can be
applied for the relationships between LAI and the VIs
of NDVI, EVI, RDVI, OSAVI, and MTVI. The
relationships between LAI and VIs obtained from this
research could be applied for estimating and
monitoring relative growth progress of rice canopy
during the growing season.

A limitation of these study results is that only
ground-based remote sensing was applied using a
limited data set even though we assume that the
current study results can be reproduced using well-
calibrated and unmixed reflectance data from satellite
and/or airborne sensors. Therefore, a future work
would be to investigate if and how the current study
results using the ground-based remote sensing data
can be extended to satellite and/or airborne remote
sensing techniques.

Acknowledgment

This study was supported by the governmental-
funded National Research Foundation of Korea grant
(NRF-2013R1A2005788). Partial support was also
made from Cooperative Research Program for
Agricultural Science and Technology Development
(Project No. PJ010107), Rural Development
Administration, Republic of Korea.

Korean Journal of Remote Sensing, Vol.31, No.1, 2015

–18–



References

Ayyangar, R.S., P.P. Nagaeshwara Rao, and K.R. Rao,
1980. Crop cover and crop phenological
information from red and infrared spectral
responses, J. Indian Soc. Photo-Interpretation
Remote Sensing, 8(1): 23-29.

Boschetti, M., D. Stroppiana, S. Bocchi, and P.A.
Brivio, 2009. Multi-year monitoring of rice
crop phenology through time series analysis of
MODIS images, International Journal of
Remote Sensing, 30: 4643-4662.

Boydell, B. and A.B. McBratney, 2002. Identifying
potential within-field management zones from
cotton-yield estimates, Precis. Agric, 3: 9-23.

Casanova, D., G.F. Epema, and J. Goudriaan, 1999.
Monitoring rice reflectance at field level for
estimating biomass and LAI, Field Crops
Research, 55: 83-92.

Dobermann, A. and M.F. Pampolino, 1995. Indirect
leaf area index measurement as a tool for
characterizing rice growth at the field scale,
Communications on Soil Science and Plant
Analysis, 26: 1507-1523.

Haboudane, D., J.R. Miller, E. Pattey, P.J. Zarco-Tejada,
and I. Strachan, 2004. Hyperspectral vegetation
indices and novel algorithms for predicting
green LAI of crop canopies: Modeling and
validation in the context of precision
agriculture, Remote Sens. Environ, 90: 337-352.

Hardke, J.T., 2014. Rice Production Handbook,
University of Arkansas Division of agriculture
Cooperative Extension Service, USA, MP-192,
p. 206.

Huete, A., K. Didan, T. Miura, E.P. Rodriguez, X. Gao,
and L.G. Ferreira, 2002. Overview of the
radiometric and biophysical performance of the
MODIS vegetation indices, Remote Sens.
Environ, 83: 195-213.

Kimura, R., S. Okada, H. Miura, and M. Kamichika,
2004. Relationships among the leaf area index,
moisture availability, and spectral reflectance
in an upland rice field, Agricultural Water
Management, 69 (2): 83-100.

Ko. J., S. Maas, S. Mauget, G. Piccinni, and D.
Wanjura, 2006. Modeling water-stressed cotton
growth using within-season remote sensing
data, Agron. J, 98: 1600-1609.

Maas, S.J., 1992. GRAMI: a crop growth model that
can use remotely sensed information. USDA,
ARS-91, p. 77.

Motohka, T., K.N. Nasahara, A. Miyata, M. Mano, and
S. Tsuchida, 2009. Evaluation of optical
satellite remote sensing for rice paddy
phenology in monsoon Asia using a continuous
in situ dataset, International Journal of Remote
Sensing, 30: 4343-4357.

Nash, J.E. and J.V. Sutcliffe, 1970. River flow
forecasting through conceptual models: Part I.
A discussion of principles, J. Hydrol, 10 (3):
282-290.

Pontailler, J.Y., G.J. Hymus, and B.G. Drake, 2003.
Estimation of leaf area index using ground-
based remote sensed NDVI measurements:
validation and comparison with two indirect
techniques, Can. J. Remote Sensing, 29 (3):
381-387.

Rondeaux, G., M. Steven, and F. Baret, 1996.
Optimization of soil-adjusted vegetation
indices, Remote Sens. Environ, 55: 95-107.

Rougean, J.-L. and F.M. Breon, 1995. Estimating PAR
absorbed by vegetation from bidirectional
reflectance measurements, Remote Sens.
Environ, 51: 375-384.

Rouse, J.W., R.H. Haas, J.A. Schell, D.W. Deering, and
J.C. Harlan, 1974. Monitoring the vernal
advancements and retro gradation of natural
vegetation, NASA/GSFC, Greenbelt, MD.

Sakamoto, T., M. Yokozawa, H. Toritani, M.

Determining Canopy Growth Conditions of Paddy Rice via Ground-based Remote Sensing

–19–



Shibayama, N. Ishitsuka, and H. Ohno, 2005.
A crop phenology detection method using time-
series MODIS data, Remote Sens. Environ, 96:
366-374.

Son, N.T., C.F. Chen, C.R. Chen, H.N. Due, and L.Y.
Chang, 2014. A Phenology-Based Classification
of Time-Series MODIS Data for Rice Crop
Monitoring in Mekong Delta, Vietnam, Remote
Sensing, 6(1): 135-156.

Venkateswarlu, B., P.K. Rao, and A.V. Rao, 1976.
Canopy analysis on the relationships between
leaf area index and productivity in lowland rice,
Oryza sativa, L, Plant and Soil, 45: 49-56.

Vina, A., A.A. Gitelson, D.C. Rundquist, G. Keydan,
B. Leavitt, and J. Schepers, 2004. Monitoring
Maize (Zea mays L.) Phenology with Remote
Sensing, Agron. J, 96: 1139-1147.

Vina, A., A.A. Gitesle, A.L. Nguy-Robertson, and Y.
Peng, 2011. Comparison of different vegetation
indices for the remote assessment of green leaf
area index of crops, Remote Sens. Environ, 115:
3468-3478.

Xiao, X., L. He, W. Salas, C. Li, B. Moore, R. Zhao, S.
Frolking, and S. Boles, 2002. Quantitative
relationships between field-measured leaf area
index and vegetation index derived from
VEGETATION images for paddy rice fields,

International Journal of Remote Sensing, 23:
3595-3604.

Yang, C., J.M. Bradford, and C.L. Wiegand, 2001.
Airborne multispectral imagery for mapping
variable growing conditions and yields of
cotton, grain sorghum, and corn. Trans, ASAE,
44(6): 1983-1994.

Yang, C.M. and R.K. Chen, 2004. Modeling Rice
Growth with Hyperspectral Reflectance Data,
Crop Science Society of America, 44: 1283-
1290.

Yun, S., B. Kang, S. Lim, W. Choi, J. Ko, S. Yoon, H.
Ro, and H. Kim, 2011. Further understanding
CH4 emissions from a flooded rice field
exposed to experimental warming with
elevated [CO2], Agric. Forest Meteo, 154-155:
75-83.

Zarco-Tejada, P.J., S.L. Ustin, and M.L. Whiting, 2005.
Temporal and spatial relationships between
within-field yield variability in cotton and high-
spatial hyperspectral remote sensing imagery,
Agron. J, 97: 641-653.

Zhang, X., M.A. Friedl, C.B. Schaaf, A.H. Strahler,
J.C.F. Hodges, F. Gao, B.C. Reed, and A.
Huete, 2003. Monitoring vegetation phenology
using MODIS, Remote Sensing of Environment,
84: 471-475.

Korean Journal of Remote Sensing, Vol.31, No.1, 2015

–20–


